Electrocardiogram (ECG) is required during magnetic resonance (MR) examination for monitoring patients under anaesthesia or with heart diseases and for synchronizing image acquisition with heart activity (triggering). Accurate and fast QRS detection is therefore desirable, but this task is complicated by artefacts related to the complex MR environment (high magnetic field, radio-frequency pulses and fast switching magnetic gradients). Specific signal processing has been proposed, whether using specific MR QRS detectors or ECG denoising methods. Most state-of-the-art techniques use a connection to the MR system for achieving their task, which is a major drawback since access to the MR system is often restricted. This paper introduces a new method for on-line ECG signal enhancement, called ICARE, which takes advantage of using multi-lead ECG and does not require any connection to the MR system. It is based on independent component analysis (ICA) and applied in real time. This algorithm yields accurate QRS detection for efficient triggering.
Introduction
The electrocardiogram (ECG) is one of the most studied biomedical signals and an important cardiovascular diagnosis tool. In the magnetic resonance imaging (MRI) field, ECG has been introduced for patient monitoring and magnetic resonance (MR) sequence synchronization purposes, but the signal quality is severely affected by the MR environment. MR specific signal processing methods have been presented to handle this particular noise (Laudon et al 1998 , Fischer et al 1999 , Felblinger et al 1999 , China et al 2000 , Abächerli et al 2005 , AbiAbdallah 2006 , Odille et al 2007 , Oster et al 2009 . Among them, several methods require a connection to the MR system to accurately denoise the ECG, which is a major drawback since access to the MR system is often restricted. A new ECG signal enhancement technique, which does not require any connection to the MR system, is herein presented. The method aims at applying blind source separation (BSS) on multi-lead ECG signals by means of independent component analysis (ICA).
Over the past decades, BSS has drawn significant attention from the signal processing community. ICA has proved to be a powerful tool for achieving this task (Choi et al 2005 , Hyvärinen 1999b ). It consists in searching for statistically independent sources through multidimensional data. Applications of such techniques for biomedical signals have been widespread (James and Hesse 2005) , especially for electroencephalograms (EEG), with a large amount of available input signals (Srivastava et al 2005 , Tong et al 2001 . ECG has benefited from ICA for many applications as well, such as artefact removal (Wisbeck et al 1998 , He et al 2006 , Clifford et al 2007 or extraction of foetal ECG (Vigneron et al 2003 , Waldert et al 2007 . Some more specific techniques have even been designed for BSS on ECG signals. They take advantage of the periodicity (Jafari et al 2006) or pseudo-periodicity (Sameni et al 2008 , Tsalaile et al 2009 of the ECG signal. These kind of methods have been shown to be efficient as long as artefacts have not the same periodicity as cardiac activity. Despite all these advances, ICA has not yet been applied on ECG acquired in an MR environment, that will be called MR-ECG, which is a very special case of electrocardiography. The use of ICA can overcome current issues in MR-ECG denoising.
ECG acquisitions during MR examination
There are two main reasons for acquiring ECG during an MR examination: patient monitoring and MR sequence synchronization. Patient safety is indeed a great concern of MRI (Shellock and Crues 2004) . The monitoring of vital signs is necessary, especially when patients are sedated or suffer from cardiac diseases. ECG is therefore one of the most important signals. Because of the high noise level, monitoring is currently limited to QRS detection and cardiac rhythm computation. ECG is also needed for synchronization purposes. Since MR sequences consist of a succession of acquisitions, each has to be played during the same cardiac phase to avoid motion artefacts when observing heart structures. So MR acquisitions are triggered with ECG and especially QRS complexes, corresponding to the heart contractions. This detection has to be robust and its timing is crucial, with a delay of less than 20 ms (Fischer et al 1999) .
ECG acquisition is much distorted by the MR environment, which is characterized by three major physical constraints. (1) The patient lies in a large static magnetic field (mainly on 1.5T or 3T for clinical MR scanners). Displacement of electrical particles inside this field generates electrical fields which are acquired by ECG sensors at the same time as heart electrical activity. This artefact is known as the Hall effect, or the Magneto-Hydrodynamic (MHD) effect (Keltner et al 1990) and has been shown to be mainly due to blood circulation through the aorta (Gupta et al 2008) . (2) MR sequences are composed by a succession of radio frequency (RF) pulses (64 MHz-128 MHz) that can cause some health hazards, such as burns (Shellock and Crues 2004, Kugel et al 2003) . (3 
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, which are picked up by ECG sensors as well. MR-ECG sensors were specifically designed (Wendt et al 1988 , Felblinger et al 1995 to limit undesirable effects of the MR environment and ensure patient safety during MR-ECG acquisition. Despite the use of these dedicated sensors, some MR artefacts are still present on the ECG traces. For instance, the Hall effect and magnetic field gradients distort the ECG and complicate both monitoring and triggering. Prospective synchronization quality can be altered by two factors. QRS complexes can first be undetected due to the presence of magnetic field gradient artefacts occurring just before. Acquisition time is thus increased and image contrast is moreover deteriorated by irregular repetition times (TR), which is determined by the RR interval duration. Cardiac beats can also be hidden by artefacts in cases of arrythmia (pathological or not), also resulting in increased acquisition time. The second factor is the sequence triggering on magnetic field gradient artefacts, which induces acquisitions in wrong cardiac phases (figure 1). Some research applications require in addition an accurate ECG analysis and QRS detection, for advanced imaging techniques.
Specific MR-ECG signal processing tools
Because of the presence of these MR specific artefacts, classical monitoring methods are not suitable for these particular signals, and specific MR signal processing has been designed. Two principal avenues of research have been explored. Initial approaches consisted in processing corrupted signals using a specific MR designed QRS detector. The first one was based on the Vectocardiogram (VCG), a 3D representation of cardiac electrical activity (Fischer et al 1999 , Chia et al 2000 . Assuming that in this space both the Hall effect and gradient artefacts are oriented in different directions than R waves, they can easily be classified. This method seems to provide good QRS detection and is compatible with sequence synchronization. A denoised ECG cannot be obtained with this method and abnormal cardiac activity could be misinterpreted by both algorithm and visual inspection. Furthermore, this method does not work well for patients with low VCG amplitudes, as in overweight patients for instance. Another MR specific QRS detector was designed using wavelets (Abi-Abdallah 2006), but such a method is not compatible with real-time detection. Moreover, the authors assumed that the gradient artefacts were not in the same frequency range as the QRS, which is generally not the case (Felblinger et al 1999) . Recently a new MR QRS detector has been presented (Oster et al 2009) . Based on wavelets and local regularity characterization, it yields a very accurate QRS detection and efficiently rejects MR artefacts, which makes it well suited for monitoring purposes but incompatible with sequence triggering. Although it is not applicable for triggering, information provided by this accurate detector will be used by the herein presented method. A brief introduction of the underlying theory will be given in the following section. All methods of this class do not provide a denoised ECG, so physicians observing ECG traces are unable to visually discard false detections from true ones.
A second approach using a classical QRS detector of gradient artefact-corrected ECG has also been adopted. Laudon et al (1998) have used an external coil that acquires the magnetic flux induced by the gradients through the same acquisition chain as the ECG. Denoising simply consists of subtracting these two signals. This method does not take into account the complexity of the EMF induced by gradients inside the body (Schaefer et al 2000) . Moreover, some developments have to be made in order to ensure patient safety. A more complex gradient artefact modelling has been proposed (Felblinger et al 1999) . In this approach, the acquired ECG signal S(t) is split into several contributions:
where S ECG (t) is the clean ECG, S flow (t) is the Hall effect signal and S induced (t) is the signal containing all other contributions. The latter can be written as
where S move (t) represents the artefacts due to patient motion and S RF (t) those due to RF. In fact, these two signals are not so disturbing, since motion artefacts are minimized because patients are asked to remain still during image acquisition and RF artefacts are reduced thanks to hardware restrictions, such as Faraday cage and the use of optical fibres (Felblinger et al 1995) . Thus, the most disturbing signals are gradient artefacts. These artefacts can be modelled as the output of a linear time invariant (LTI) filter system (Felblinger et al 1999) , where the input functions are the gradient command signals, G i , of the MR system
where h i is the impulse response of the corresponding gradient. This approach aims at learning the coefficients of these filters and allows significant reduction of gradient artefacts (Felblinger et al 1999 , Abächerli et al 2005 , Odille et al 2007 . The denoised ECG is then processed using a conventional QRS detection algorithm which makes triggering much more efficient. On top of that the real-time constraint is still reachable. Moreover, clinicians can visually control cardiac activity without further disturbances other than the Hall effect, so that monitoring becomes possible. These methods require the information of the gradient signals and thus a connection to the MR system, especially the gradient cabinet, which is very prohibitive since rarely available.
In this paper, a new artefact reduction method based on ICA for improved triggering will be presented, which does not require any further information other than the ECG signal and especially no connection to the MR cabinet. This paper is organized as follows. Section 2 contains a brief introduction of ICA. Section 3 is devoted to the presentation of materials and a complete description of the ICA-based artefact reduction method for electrocardiography (ICARE) . Results are then presented in section 4, and the last sections are dedicated to the discussion and conclusion.
Theory

ICA
As observed in equation (1), the signal acquired on one ECG lead can be seen as a linear combination of several sources:
where s i is the signal acquired by the ith sensor and x j are the sources (ECG, Hall effect and gradient artefact signals). So, if several sensors are used to acquire the ECG, equation (4) can be written in a matrix form:
where S(t) is a vector containing the signal acquired by all sensors, A is the so-called mixing matrix and X(t) are the sources. This formulation is similar to the well-known 'Cocktail party problem': several persons talk in a room where several microphones are placed and the goal is to build one audio record per speech source. In our case, the microphones are replaced by ECG sensors and speech sources by ECG, flow artefact and gradient artefact signals.
A conventional manner for solving this problem is ICA (Hyvärinen 1999b) , which consists in searching for independent components throughout the sensor array space, by finding the corresponding demixing matrix W so that
This search is based on the result of the classical central limit theorem. A sum of independent variables having the same mean and variance tends to be Gaussian. So ICA consists roughly in searching for the direction of the space where the signal is the least Gaussian. Several ICA methods have been suggested (Hyvärinen 1999b , Choi et al 2005 . They differ by the Gaussianity measure and the optimization method. Pham (2000) used maximum likelihood, Hyvärinen (1999a) used approximation functions of the negentropy for his FastICA algorithm and Cardoso (1999) used higher order statistics, especially fourth-order cumulant matrices, for his joint approximate diagonalization of eigenmatrices (JADE) algorithm. The method presented uses the JADE algorithm (Cardoso 1999) . Several new ICA methods have been presented over the last decade and some could be more suitable to the application presented. Nevertheless, JADE has been chosen for its robustness and its suitability for ECG signal processing (He et al 2006) . With such a method, it is possible to find independent components in multidimensional data.
ECG signals have been shown to be non-Gaussian (He et al 2006) and the mixture of MR gradient artefacts can be modelled as a LTI system (Felblinger et al 1999) . As only three ECG leads were acquired, the classical ICA method is limited to the extraction of three sources. The determination of the number of sources remains an open problem (James and Hesse 2005) , and it is known that ECG signals contain several sources depending on the location of their electrical activity (Lemay et al 2004 , Castells et al 2004 . It will be assumed that all ECG sources are less independent of each other than an ECG source versus a gradient artefact source. So applying an ICA method to the data should be able to extract at least one source, which is less distorted by MR gradients than the raw signal. The injection of this source in a classical QRS detector can then yield more efficient triggering.
MR specific QRS detector based on wavelets and local regularity characterization
As stated by Clifford et al (2007) , one of the main difficulties with ICA-based denoising methods is the selection of the source corresponding to the signal of interest. As explained in section 1, MR-ECG is a particular case of electrocardiography, no a priori information can be used given the high patient-to-patient variability. Recently, a new QRS detection algorithm has been presented (Oster et al 2009) , information provided by this method could be of great help for source selection and will be used in the herein presented method. This detector is based on modulus maximum theory, presented by Mallat and Hwang (1992) . Several QRS detectors have been designed following this theory (Addison 2005 , Li et al 1995 , Kadambe et al 1999 , Soria et al 2006 , Legareta et al 2005 .
A modulus maximum line can be defined as a connected curve in the scale space along which all points are local maxima of the wavelet transform modulus. Location of these lines corresponds to the location of signal singularities and in the case of ECG processing, the greatest singularities correspond to QRS complexes. However, when dealing with MR-ECG, the detection of singularities leads to the detection of MR artefacts as well, and a classification is also needed. Mallat and Hwang (1992) have proved that the slope of the modulus maximum line contains information about the local regularity and permits the determination of the Lipschitz exponent. Oster et al (2009) have then used this information for discarding MR artefacts from QRS complexes. Results have been promising and the use of this method will provide helpful information about cardiac rhythm, which will simplify ECG source selection, as shown in section 3.2.
Materials and methods
Database
Conventional ECG databases, such as MIT-BIH and AHA for instance, are not relevant for MR-ECG. The ECG lead placement and the MR-related artefacts are specific to MR-ECG acquisitions, so a dedicated database has been built. Appropriate institutional ethics approval and subject consent were obtained. The protocol can be divided in two steps. A conventional 12-lead derivation ECG acquisition was first performed outside the MR room, followed by a Frank derivation ECG acquisition. These classical ECG acquisitions were made on the CS-200 system (Schiller AG, Baar, Switzerland). Their purpose was to help MR-ECG acquisition understanding, interpretation and annotation.
For the second step, each subject underwent an MR examination. Three bipolar leads were positioned as shown in figure 2. With this lead positioning, the application of stateof-the-art algorithms, such as VCG (Fischer et al 1999) using leads 1 and 3, is possible. MR-ECG was carried out by a custom Maglife (Schiller Médical, Wissembourg, France) and was recorded (Odille et al 2007) . Clinical sensors have generally a narrow bandwidth (0.5-20 Hz) in order to reduce gradient artefact energy, but the use of specific ECG sensors, with a larger bandwidth (0.5-40 Hz), was decided in order to be compatible with ECG monitoring (Bailey et al 1990) . Moreover, QRS location could then be determined more precisely since they are less filtered by sensors. The subjects were in a supine position, feet-first on a 1.5T GE SIGNA HDx MR system (General Electric, Milwaukee, WI). A set of MR sequences was played so that observed ECG distortions correspond to all the situations encountered in clinical applications. The set of chosen sequences included diffusion weighted echo planar imaging (DW-EPI), standard EPI, fast spin echo (FSE), black-blood FSE, steady state free precession (SSFP), spin echo (SE) and gradient echo (GRE). Custom pulse sequences were also included. These sequences were designed to induce artefacts by producing isolated trapezoidal gradients with user-defined parameters (amplitude, rise-time, length). MRI acquisition parameter values (slice location (head-hip), field of view (FOV) (24 cm-60 cm)) varied over a wide range. MR-ECG recordings were also acquired while subject lay outside the MR bore. These recordings aim at studying the influence of the lead positioning on undisturbed ECG and at calibrating the VCG method (Fischer et al 1999) and determining the R-wave amplitudes.
A total of 13 healthy subjects were studied, seven were males and six females with an average age of 27.5 ± 7.7, an average weight of 65.5 ±10.5 kg and an average body height of 172.7 ± 9.5 m. This corresponds to 3 h and 34 min of MR-ECG recordings and 14681 QRS complexes. Recordings were classified into two sets depending on their noise level, those corresponding to highly disturbing MR sequences were separated from the MR-ECG recorded during less disturbing MR sequences. Set 1 contains low-noise MR-ECG acquisitions, corresponding to 12422 QRS complexes, and set 2 contains most disturbed MR-ECG with 2239 QRS complexes.
MR gradient signals were also acquired enabling the use of previous methods (Felblinger et al 1999 , Abächerli et al 2005 , Odille et al 2007 . The sampling frequency was set at 250 Hz. ECG were annotated, QRS onsets were marked and artefact regions of signal were specified ( figure 3 ). An artefact reduction method (Abächerli et al 2005) , known not to distort ECG, was applied in order to make annotations possible.
ICA-based artefact reduction method for electrocardiography (ICARE)
In the first part of this section, the method for applying ICA to MR-ECG signal enhancement will be explained, and in the second part a description of the adopted scheme enabling the on-line artefact removal will be given.
ICARE can be split into three steps, each step corresponding to a matrix computation. As described in section 3.1, three ECG leads were acquired and a square mixing is assumed, so that all matrices are 3 × 3 dimensioned.
(i) ICA is first computed using the JADE algorithm developed by Cardoso (Cardoso 1999) and whose Matlab (Mathworks, Natick, MA) implementation is available on (ICA Central 2009). Three independent sources and the corresponding demixing matrix, W , are computed. (ii) In the second step, the source corresponding to the ECG signal is selected. No strong assumption on ECG morphology was made. The only hypothesis was that if a QRS detector is applied on each source, the ECG source will be that whose detection is the nearest to the wavelet-based QRS detection (Oster et al 2009) . A QRS detector, which consists in searching maxima over three consecutive samples after the signal had been thresholded, is applied. The threshold is set at four times the root mean square (RMS) of the signal. Only one QRS was assumed to occur on a 150 ms epoch. If more than one detection is made, the first is kept. After this detection, R wave locations in ms of each source were supposed to be known. Let us call R source the R wave locations in ms of each source and R wavelet the R wave locations in ms of the R waves detected by the waveletbased QRS detection algorithm presented by Oster et al (2009) , which correspond to the real QRS. The ECG sources are selected with the following cost function C:
Sources whose cost function is less than 50 ms are selected. The choice of this 50 ms threshold was dictated by the fact that there can be some lag between the R-peak locations on each ECG lead and those detected by the wavelet method. If none fulfils this criterion, the source minimizing C is picked. A new diagonal matrix, ECG ind , is then created, where ECG ind (i, i) is set to 1 when the ith source corresponded to ECG and 0 if not. (iii) The final step consists in the reconstruction of three realistic ECG leads. As the method consists in the restoration of artefacted signals, artificial signals need to be reconstructed from these independent components. The artefact reduction method is followed by a detection step, which will be presented in section 3.3. An industrial QRS detector has been chosen and requires three inputs. Three signals are thus reconstructed, even when only one source is selected. As the mixing matrix and the ECG source are known, the reconstruction should be easy to compute by applying equation (5). When the source corresponding to the heart electrical activity is the combination of s 1 and s 2 , and s 3 is an independent noise subspace, the reconstruction of s 3 can produce a signal with a very low amplitude. To avoid this QRS amplitude variability along the processing, the following reconstruction has thus been developed. In the case where at least two sources are selected, A is simply computed as the inverse of W , which is well conditioned and invertible by definition.
In the case where only one source is selected, each reconstructed ECG lead corresponds to this source multiplied by a mixing coefficient. Each coefficient is then computed so that the R wave amplitudes of the reconstructed signals are equal to those of the acquired leads. The R wave amplitude of the initial lead was estimated from the ECG acquired outside the MR bore during a calibration step. The R wave amplitude of the source is estimated on the first 5 s of the ECG source. Finally each mixing coefficient is computed as the ratio of these two estimations, thus giving a new matrix A.
ICARE can be applied as an on-line process in order to allow real time triggering. The method has been divided into two parts. The first step consists in learning the denoising matrix, ICA Matrix defined as
For this purpose, a 30 s window is considered, which is a good compromise between computational complexity and amount of relevant information. Then this denoising matrix is applied on the next 2 s window. A half-second window is allocated for ICA Matrix computation, which ensures real-time applicability of ICARE. Denoising simply consists in the following matrix multiplication:
Finally, the 30 s learning step window is moved on 2 s, thus a new estimation of ICA Matrix is done every 2 s. The triggering is then still possible, as denoising consists only in 15 operations per ECG sample (three multiplications and two additions for each lead). A flowchart of ICARE is provided in figures 4 and 5, and the block diagram of its implementation scheme in figure 6 . The method has been implemented on Matlab (Mathworks, Natick, MA).
Validation
ICARE has been validated by assessing QRS detection performance enhancement after the herein presented method has been applied to denoise MR-ECG. A standard industrial QRS detection algorithm is applied to the denoised ECG signal (Argus PB 1000, Schiller AG, Baar, Switzerland). The performance of the different methods is evaluated by the sensitivity (Se) and the positive predictivity (+P ). These parameters are defined by
where T P are the true positive, F N are the false negative and F P are the false positive. These statistics are computed following the ANSI/AAMI EC57 standard recommendations (ANSI/AAMI:EC57 1998). These performances are compared to those obtained by using the noisy ECG as input (Raw), by using the method suggested by (Abächerli et al 2005) (LMS) and with those obtained with the QRS detector suggested by Fischer et al (1999) (VCG), which was coded as described in the original paper. 
Results
QRS detection on the whole database
The results of the QRS detection are assembled in table 1.
The positive predictivity (92.4%) provided by the industrial detector (Argus PB 1000, Schiller AG, Baar, Switzerland) without any denoising step is quite low, which highlights the fact that MR-ECG requires MR specific signal processing.
VCG results, especially its positive predictivity, are not perfect. This is mainly due to the presence of two subjects having low amplitude Vectocardiograms in the database. It has been shown that the VCG method fails when processing these kinds of data (Fischer et al 1999) . An example of false detections for one of these subjects is illustrated in figure 7 . The experiment was then repeated without these two subjects. VCG results were then completely different with a 98.6% sensitivity and a 96.1% positive predictivity.
The LMS method yields an improvement for both sensitivity (+1.1%) and positive predictivity (+5.2%) compared to Raw results, thus demonstrating the efficiency of artefact creation modelling combined with adaptive filtering.
ICARE offers better results than Raw and VCG but less positive predictivity (−2.5%) and less sensitivity (−1.2%) than LMS. There are two main reasons for these differences. First, the demixing matrix is updated every 2 s on the 30 s learning window, so as soon as no gradients are played during more than 30 s, the system forget the efficient artefact reduction demixing matrix and needs then to re-learn it, which enables then gradient artefacts to appear again for some seconds. The second reason is the use of a multi-lead QRS detector, whereas ICARE provides in most cases a one-ranked ECG signal. However, ICARE results are far better than VCG ones. So ICARE yields best QRS detection results for methods having no connection to the MR system. 
QRS detection on the different sets of the database
Comparison of QRS detection results from the two different database sets (table 2) highlights interesting properties. It can be seen that Raw and ICARE methods have almost equivalent detection results on set 1, meaning that ICARE methods do not affect signal quality for clean ECG traces. The LMS method is able to enhance signal on low-noise ECG traces, and thus positive predictive increase by 1.2%.
The performance of QRS detection is more significant on very noisy ECG recordings. The LMS method leads to efficient QRS detection, with almost 90% positive predictivity. On set 2, ICARE yields also an acceptable positive predictivity result with a 11.5% improvement compared with raw signals, better than VCG result +6.2%. Once again, with low input information and no connection to the MR system, ICARE yields an acceptable triggering quality.
ICARE provides low noise MR-ECG traces as well. A comparison of all methods is illustrated in figure 8.
Discussion
ICARE provides highly positive results, demonstrating the potential of the algorithm presented. As with other existing methods, ICARE is applicable in real-time, denoising simply consists in applying a matrix multiplication to each new sample. The use of ICARE on MR-ECG enhances triggering accuracy and thus image quality.
A first result is that ICARE has been shown to outperform VCG. These methods have the same input information requirements, but ICARE yields better results due to its ability to process low amplitude ECG.
LMS leads to more accurate triggering than ICARE; however, LMS is a technique requiring a connection to the MR system for providing the information of the gradient signals. This connection is rarely available and is a major drawback since hardware adaptations need to be performed.
Moreover, the performance difference between ICARE and LMS can be explained by two factors. The demixing matrix is first updated every 2 s on a 30 s learning period. This means that when no gradients are played during more than half a minute, the system forgets how to reduce efficiently the gradient artefacts. A major improvement could be made by updating only the demixing matrix when gradient artefacts are present on the 30 s learning window. The characterization of the presence of gradient artefacts is indeed not a trivial task. Second, the use of a multi-lead QRS detector explains the lower sensitivity. The more input leads the detector has, the more accurate the detection will be. LMS provides three uncorrelated denoised leads. In the same time, ICARE rebuilds 'new' leads which are not independent anymore and the rank of the denoised ECG is mostly reduced to 1. So using a multiple input lead QRS detector is not so beneficial anymore.
Commercial devices currently limit MR-ECG acquisition to three leads. It would however be of great interest to have an ECG sensor array which would be able to map heart activity during MRI. Some hardware developments are actually required to safely increase the number of acquired ECG leads. ICARE could then be improved by rebuilding ECG leads having the greatest possible rank, since a maximum number of sources could correspond to heart activity. Whereas when acquiring three leads, ICA provides mostly only one independent component, which is close to an ECG but is unable to properly separate all existing sources. Moreover, if multiple MR-ECG leads were available, it could be conceivable to also suppress Hall effect, since ventricular and auricular activities are being separated by means of ICA (Lemay et al 2004 , Castells et al 2004 . Though acquiring more leads can be interesting, the choice of the use of three leads and their positioning is a compromise between patient safety, ease of installation due to the anatomy (proximity to the heart, presence of fatty tissue and breasts) and maximisation of signal information. This lead positioning has been indicated to the MR technicians, but has not been followed exactly. Some subjects have horizontal leads positioned quiet far from the heart, but ICARE performances were not altered.
ICARE can also provide a clear ECG to physicians, as can be seen in figure 8 . These signals are the closest independent components corresponding to heart activity. As MR monitoring consists only in heart rhythm computation, physicians can use the reconstructed ECG signal to visually discard false automatic detections. Physicians are however not familiar with such ICA-built ECG traces. To handle this problem, new BSS methods have been presented (Sameni et al 2008 , Tsalaile et al 2009 , Jafari et al 2006 , which use the periodicity of ECG to denoise the signal. Application of this class of methods for classical electrocardiography shows major improvements over ICA, but it is not suitable for MR-ECG. As some MR acquisitions are synchronized with heart activity, each shot is launched at the same cardiac phase, meaning that for such sequences MR artefacts have exactly the same periodicity as the heart rate.
Application of this kind of method would then be inefficient. So ICARE, even if providing distorted but less artefacted ECG traces can be of great help for patient monitoring during an MR examination.
In the presence of ectopic beats, ICA-based techniques should still be efficient. As such activity cannot be considered as totally independent from normal heart electrical activity, we argue that ICARE would be able to process these specific signals although this was not tested. The MR-ECG database has to be filled with signals acquired on patients suffering from ventricular ectopic beats for further investigations.
This method is a proof of concept for the application of ICA techniques for MR-ECG processing. Application of the JADE algorithm and sliding window techniques has been decided, but ICA techniques can be implemented in real time with other approaches. For instance, the application of the parallel computing algorithm for ICA (Fiori 2006 , Du et al 2006 is one possible way of research for higher artefact reduction quality. ICARE has been presented and represents an elegant solution for MR-ECG signal enhancement.
Conclusion
MR-ECG acquisitions suffer from many distortions due to the specific MR environment. Hardware innovations have limited these distortions, but signal processing is still required. In this paper, a new magnetic field gradient artefact reduction method, ICARE, has been presented. This method does not need additional information than ECG signals, no connection to the MR system is required, and effectively reduces artefacts on ECG. It has been shown that ICARE offers a good compromise, among all state-of-the-art algorithms, between triggering and input information requirements, and therefore is an elegant solution for triggering improvement.
